Stock price index is an essential component of financial systems and indicates the economic performance in the national level. Even small improvements in its predictive performance can be very profitable and meaningful. This paper proposes an improved Stacking framework which contains multiple layers for predicting whether the stock price index will increase or decrease with respect to the price prevailing some time earlier, if necessary, a month. Support Vector Machines (SVM), Neural Networks (NN), ElasticNet-logistic regression (ENLR), Random Forest (RF) and Extreme Gradient Boosting (XGBoost) are stacked as base classifiers in the first layer. Instead of cross-validation, we deploy a more appropriate approach called timeslice grid search method, to select the optimal hyper-parameters and generate the Stacking features simultaneously. For the purpose of comparison and transparency, three meta classifiers which fuse the information of base classifiers and original data are implemented in the second layer, based on the algorithms ENLR,RF and XGBoost. In the last layer, majority vote method is used to ensemble these three meta classifiers. The results indicate that our model (namely Meta.MV) provide betterand more stable prediction performance compared to the single classifiers or even the state-of-the-art classifiers such as RF and XGBoost in terms of accuracy, kappa statistic and AUC value, and prediction performance improves as the layer rises due to the increased information content of model fusion. Our findings provide an integrated Stacking framework in the financial area.
Introduction
In finance, the value of the stock index is derived from stocks with high market capitalization. Due to its partially predictable characteristic, there have been many empirical researches which deal with the issues of predicting stock price index direction. On one hand, accurate predictions of the stock price index movement are 189 DOI: 10.24818/18423264/53.3.19.11 (RF) and Extreme Gradient Boosting (XGBoost) as base classifiers, and use timeslice method (instead of cross-validation) to find the optimal by per-parameters and train the models. In the second layer, Stacking features are constructed by combining the prediction probability of the base classifiers and the original data. Concretely speaking, we respectively promote the model and original data. In the third layer, majority vote method is ENLG, RF and XGBoost as meta classifier to fuse the information extracted from utilized to ensemble three meta classifiers aforementioned. For model comparison and analysis purposes, the widely used metrics in machine learning area such as accuracy, sensitivity, specificity, kappa statistic, F-score and AUC values (Lantz, 2015) are considered in the study and analyzing the structure of our models is further considered.
The remainder of this paper is organized as follows. Section 2 briefly reviews the existing literature. Section 3 covers the data sample and Section 0 the framework of Stacking methodology. Section 5 presents the results and discusses key findings in our study. In the end, Section 6 concludes and provides direction for further research.
2.
Literature review Most relevant for our applications are the works of Tsai Takeuchi and Lee (2013) and Krauss et al. (2017) , providing initial applications of ensemble method to predict the stock or stock price index movement. Tsai et al. (2011) deploy two types of ensemble classifiers (i.e. homogeneous ensemble classifiers and heterogeneous ensemble classifiers) by majority vote and bagging method. The author considers 19 financial ratios and 11 macroeconomic indicators in Taiwan stock market to investigate the prediction performance of stock returns. The result indicates that ensemble classifiers outperform single classifiers in terms of prediction accuracy and returns on investment. Similarly, in Ballings et al. (2015) comparative study, they benchmark ensemble methods (Random Forest, AdaBoost and Kernel Factory) against single classifier models (Neural Networks, Logistic Regression, Support Vector Machines and K-Nearest Neighbor), and predict the one-year ahead stock price direction of European companies. The AUC result shows that Random Forest is the top algorithm.
For the purpose of investigating whether the information hidden in macroeconomic variables (alone) can be used to accurately predict the one-month ahead price for major U.S. stock and sector indices. Weng et al. (2018) develop four ensemble models including quantile regression random forest, quantile regression neural network ensemble, bagging regression ensemble, and boosting regression ensemble. The result indicates that four ensembles prediction performances are superior to that of time-series models. Further more, this study proposes a hybrid approach of LSTM (Long Short-Term Memory) and proves that the macro-economic indicators are leading predictors of the price of U.S. sector indices. Basak Takeuchi and Lee (2013) develop an enhanced momentum strategy on the U.S. CRSP stock universe from 1965 until 2009. Specifically, Deep Neural Networks (DNN) are employed as classifiers to predict if each stock will outperform the cross-sectional median return. The out-of-sample testing result proves the profitability of this strategy. Krauss et al. (2017) enhances this approach with implementing and analyzing the effectiveness of Deep Neural Networks, Gradient Boosted Trees, Random Forest and several ensembles of these methods in the context of statistical arbitrage. In addition, they promote a simple, equal-weighted ensemble method consisting of the above ensemble classifiers. The findings pose a severe challenge to the semi-strong form of market efficiency.
Regarding the existing literature, our contribution is threefold. First, we implement five machine learning techniques including Support Vector Machines, Neural Networks, ElasticNet-logistic regression, Random Forest and Extreme Gradient Boosting as the base classifiers, and use Stacking method to fuse prediction probability of these models and the original data. To our knowledge, this study is unique in deploying Stacking method on the prediction issue of stock price index movement. We deploy three meta classifiers (i.e. ElasticNet-logistic regression, Random Forest and Extreme Gradient Boosting) to carry out the above Stacking method and further develop a majority vote strategy to ensemble these meta classifiers.
Second, we provide a timeslice grid search method instead of crossvalidation or artificial setting to find the valid hyper-parameters of the model. Since it will not use future information while searching the hyper-parameters, timeslice grid search method is more suitable for time series data and can effectively prevent overfitting.
Third, we create feature space by using lag returns in order to predict the stock price index direction of S&P500, NASDAQ and Dow Jones. Accuracy, sensitivity, specificity, kappa statistic, F-score and AUC value are used to evaluate the prediction performance. The result shows that our model does have the ability to surpass two state-of-the-art machine learning techniques (i.e. Random Forest and Extreme Gradient Boosting), and we further analyze the source of its great performance. All of the above contributions take a meaningful perspective on the prediction problem and are indicative for the framework of Stacking method in machine learning.
3.
Research data For the empirical application, this study utilizes total nineteen years of historical data from Jan 2000 to Nov 2018 of three stock market indices S&P500, NASDAQ and Dow Jones which are highly voluminous. All the data is obtained from https://finance.yahoo.com/ website. For each study period, we generate the feature space (input) and the response variable (output) as follows:
Input: Let t P denotes the closing price process of the stock price index. . In other words, we follow Takeuchi and Lee (2013) and Krauss et al. (2017) and first focus on the return of the first 20 days, approximately corresponding to one trading month. Then, we switch to a lower resolution and consider the multi-period returns corresponding to the subsequent 11 months. In total, we thus count 31 features, corresponding to one trading year 1 with approximately 240 days. Using multi-period lag returns as our study features is much more convenient since its normalization properties (i.e. which is similar range of values), and can effective avoid local optima and numerical problems. Figure 1 visualize the correlation matrix of multi-period returns by the heat map, which illustrates that short-term returns ( .1~.20 Return Return ) and long-term returns ( .40,.., .240
Return Return
) are correlated separately. Where as the correlation between these two types of returns is very low. 
Figure 1. The correlation matrix heatmap of the returns (S&P500)
Where t P is the closing price of the stock price index at time t and 20 t P  is the closing price after 20 days. In general, we use the machine learning algorithms to extract information from the historical data of the stock price index and to predict its direction (i.e. whether increase or decrease after 20 days, approximately one month), based on the momentum features. 
4.
Methodology Our methodology consists of three steps. First, we split our entire data into study periods consisting of training and test sets. Training sets are required for in-sample training of the specific models and test sets for their out-of-sample application. Then for each of these study periods, an improved Stacking framework consisting of three layers is developed and can be generalized as: a)In the first layer, SVM, NN, ENLG, RF and XGBoost are implemented as the base classifiers and respectively trained on the training sets. Timeslice grid search method is deployed to select the optimal hyper-parameters of the base classifiers and generate the Stacking features simultaneously; b) We develop ENLR, RF and XGBoost as our meta classifiers in the second layer to extract and fuse the information from the base classifiers and original data; c) In the last layer, majority vote method is used in order to reduce the error rate from the previous layer and to ensemble these three meta classifiers. Finally, we use some comprehensive evaluation measures to validate the prediction performance of each model. These sections follow the three steps logic outlined above and we describe the framework of the Stacking methodology using a flowchart ( Figure 4 ).
Generation of training and test sets
We define a study period as a training-test set, consisting of 1200 days training period (approximately five years), and a subsequent 60 days test period (approximately one quarter). The long horizon of the training set enables us to have enough data for finding the optimal hyper-parameter, with the timeslice grid search method mentioned below. Furthermore, any patterns that exist are subject to change as investors themselves learn over time and compete for trading profits, thus we use a much shorter test set to timely update the model 1 .
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Base classifier
This subsection highlights the base classifiers with the proposed Stacking strategy listed below. These base classifiers used in our study can be further summarized as three types: 1). We implement two non-linear machine learning algorithms, namely, Support Vector Machines (Vapnik, 1999) and Neural Networks 1 (Haykin, 2002) , for their powerful and effective performance as single models.
2).Considering the multicollinearity of the highly correlated lag returns (please see the Figure 1 ), we eventually choose the ElasticNet-logistic regression (Zou & Hastie, 2005) instead of logistic regression as the base classifier and the estimation of the parameter  is defined as: 
Where the first part represents the training loss of the model, which can be logistic loss or squared loss, and the second part represents the sum of the complexity of each tree. The complexity of the th k tree is computed as
where  is the complexity parameter, T is the number of leaf nodes,  is a fixed coefficient, 2 w is the 2  norm of leaf weight.
Furthermore, after Taylor expansion, the original objective function can be expressed as follows:
to the update frequency of the parameter, but will significantly increase the computing costs and cause data-imbalance when deploying the timeslice grid search method. 1 In this paper, we use a feed-forward artificial neural network optimized by a Quasi-Newton method called BFGS. This method is more efficient, reliable and convenient than back propagation. Follow Ballings et al. (2015) , we use one layer of hidden neurons. This is generally sufficient for classifying most data sets (Dreiseitl & Ohno-Machado, 2002 Since Stacking method should be applied to base classifiers built by various learning algorithms, the base models aforementioned can effectively span the learning space and thus extract more information from the original data. Figure 2 intuitively illustrate this phenomenon generated by simulated data, where the learning space of tree-based ensemble classifiers (i.e. Bagging Trees, Random Forest, AdaBoost, Gradient Boosting Decision Trees and Extreme Gradient Boosting) is overlapped in most cases due to the similarity of their algorithms. This is contrary to the models in our study, which can effectively span the learning space and focus on different aspects of the information. find the optimal hyper-parameters and generate Stacking features simultaneously. Moreover, we compare it with cross-validation to further illustrate the merits of this method.
Cross-validation is a widely used method in statistics. In k-fold crossvalidation, we randomly split the training set into k folds without replacement, where k-1 folds are used for the model training and one fold is employed for testing. This procedure is repeated k times so that we obtain k models and performance estimates. We then obtain the average performance of the models to find the optimal hyperparameter values of the base classifiers. Therefore, prediction probabilities made by these models on the OOB (Out-of-Bag) samples (i.e. the test folds in Figure 3 ), along with the true label of OOB samples, form the Stacking features.
However, things may be different when dealing with the financial problems for its time series characteristics. The most severe drawback of cross-validation method is the leakage of future information. Reviewing this method, training and test set are randomly splited into k folds without replacement. This means the model may be trained by the future data and predict on the OOB samples which belong to the past information. Since model performance will always be great if we use the future information to predict the past, cross-validation method may cause serious over-fitting problems in this situation.
Hence, we implement a method called timeslice grid search to address this drawback. Specifically, for each iteration, base classifiers are trained on the training subset (please see Figure 3 ), and performance estimations are then calculated on the subsequent test subset 1 . This chronological nature is kept during the whole process, and the selection of optimal hyper-parameters and Stacking features are further generated simultaneously based on the OOB samples (i.e. the test subset). All the processes are shown in the Figure 3 . direction of the stock price indices. Our improved Stacking method can be further summarized as three layers and TSGS method aforementioned is used to select optimal hyper-parameters. In the first layer, five base models which can effectively span the learning space (please see the Figure 2 ), namely SVM, NN, ENLG, RF and XGBoost, are developed to extract the information from the original data.
In the second layer, three of the machine learning algorithms called ENLR, RF and XGBoost are deployed as meta classifiers to implement the Stacking steps, in order to fuse the information from models and original data by using features which are combined with prediction probabilities of base classifiers and lag returns. Herein, we use these two types of data since prediction probabilities contain more information compared to the prediction classes, and original data may not be fully utilized by the base classifiers. Moreover, the design of the second layer enables us to:1. We are able to figure out which source of information is more useful in predicting the stock price index, since ENLR can regularize the estimates and a model-specific variable importance metric is available for RF and XGBoost; 2. The meta classifiers deployed aforementioned have the ability to reject all the decision from the base models (i.e. one ticket veto) when ENLR shrink all the coefficients of models to zero or variable importance com to zero in RF and XGBoost; 3. Cause the same algorithms (ENLR, RF and XGBoost) are employed in both base classifiers and meta classifiers, we can investigate whether base classifiers have extracted most of the information in the original data. For example, it indicates that most information of the original data have been learned by the base classifiers, when the variable importance value of lag returns is much lower in the meta classifier compared to the base classifiers. Meta.MV). The above experimental procedure is illustrated in Figure 4 .
5.
Result 5.1. Prediction performance In this subsection, we compare the average prediction performance of the models previously discussed in Section 0. For demonstrating the efficacy and consistency of our approach, this is a general result implying a trend of performance across various indices and is not pertaining to the only one stock price index. Figure 5 depicts the trend of prediction accuracy, kappa statistic, F-score and AUC value against models that belong to different layers. In general, the prediction performance of models improves as the layer rises due to the increased information content of model fusion. What's more, the Meta.MV model belonging to the last layer surpasses the existing theoretical models in almost every respect (except for Fscore slightly lower than RF), and can effectively improve the stability of prediction performance, since the optimal meta classifier is not always the same. Table 2 demonstrates the average prediction performance of the three major stock price indices in U.S. (S&P500, NASDAQ and Dow Jones) from Oct 2004 until Nov 2018, since we lose the first 1200 days of sample due to model training.Measurement used for evaluating the robustness of binary classifiers are accuracy, sensitivity, specificity, kappa statistic, F-score and AUC value, which is described in detail in previous sections. The results of models pertaining to Layer 2 are omitted for simplicity. Across the entire output domain (refer toTable 2), Meta.MV, which ensembles three meta classifiers namely Meta.ENLR, Meta.RF and Meta.XGBoost provide better performance than the single classifiers or even the state-of-the-art ensemble classifiers (i.e. RF and XGBoost) in terms of accuracy, kappa statistic and AUC value.
In addition, all of these classification models perform more accurately for predicting the increase situation compared to the decrease situation in terms of sensitivity and specificity. This is a significant negative impact on model fitting due to the disparity in the frequencies of the observed classes (i.e. class imbalance) which is demonstrated in Table 1 .
Neural Networks generally perform worse than other machine learning methods. This may attribute to the simplicity of its structure since we only use one hidden layer in our study. Furthermore, the result implies that Stacking method still has potential for the improvement of prediction performance.
Further analyses
With all three meta classifiers including Meta.ENLR, Meta.RF and Meta.XGBoost, we can extract variable frequency and variable importance of the models, i.e., the relative predictive strength of each feature. For Meta.ENLR, variable frequency can be calculated since the regularized terms are able to shrink the coefficients to zero. For Meta.RF and Meta.XGBoost which belong to the treebased methods, variable importance is determined by computing the relative influence of each variable, i.e., by assessing whether a particular variable is used during splitting when growing trees, and by how much the loss function improves as a result on average across all trees. Furthermore, we denote the variable frequency in percent and normalize the most important variable to an index value of 100. Average variable frequency and relative importance across all the stock price indices are depicted in Figure 6 , Figure7 and Figure 8 . Return.m refers to the multi-period return calculated over m periods, as in (1) .
Some meaningful conclusions can be drawn from the figures above. Above all, the multi-period returns can be split into two groups, i.e., the short-term features which are less than one month ( .1~.20
Return Return ) and long-term features which are over one month ( .40,..., .240
Return Return
). Specifically, long-term features are under a higher frequency and relative importance in contrast to short-term features. This result becomes more significant in the models based on Random Forest algorithm (i.e. RF and Meta.RF) and models based on Extreme Gradient Boosting algorithm(i.e. XGBoost and Meta.XGBoost), with relative importance sharply dropping after .20 Return . Specially, the ranking of short-term features of RF and Meta.RF seems sequential and not arbitrary. In general, the frequency and relative importance of multi-period returns can be found to decrease (although they're still greater than zero), when we combine the lag returns and prediction probabilities of Meta.XGBoost Subsuming all the results listed above, the following logic seems to apply: the long-term features corresponding to the lag returns over 20 days have greater explanatory power and prediction performance, as confirmed by all models. This result indicates that stock price indices are mainly driven by the long-tem momentum effect from a monthly perspective. Moreover, some machine learning models have the ability to extract some part of valuable information from the historical data of stock price indices and construct an enhanced version of the momentum effect, since the frequency and relative importance of variables which represents base classifiers are bigger than zero (even large in some cases). Besides, information which has not been fully utilized by base classifiers is further used in the meta classifier, due to the consequences of decreased and nonzero frequency (relative importance) of multiperiod returns in the meta classifiers.
6.
Conclusion and future research Being able to predict the stock price index direction more accurately is beneficial to investors in hedging against potential mark risks, speculators and arbitrageurs specialized in dealing stock price index, or even countries, since market index is an indication of future economic performance in national layer. This study set out to implement an improved multi-layer Stacking method in predicting the stock price index direction. To the best of our knowledge, this is the first study to include Stacking algorithm in the prediction application of stock price index direction.
To be more specific, multi-period lag returns are used as features to explore the momentum effect and predict the direction of the three major stock price indices in U.S. namely S&P500, NASDAQ and Dow Jones, from Jan 2000 until Nov 2018. Five machine learning models called SVM, NN, ENLR, RF and XGBoost are DOI: 10.24818/18423264/53.3.19.11
implemented in the first layer of our improved Stacking framework, which are built by various learning algorithms and can effectively span the learning space. Considering the time series characteristic of the financial data, we further deploy a timeslice grid search method instead of cross-validation, to find the optimal hyperparameters of the models and generate Stacking features simultaneously. ENLR, RF and XGBoost are developed as meta classifiers in the second layer, to fuse the information which respectively pertains to base classifiers and original data. Finally, majority vote is used to ensemble these three meta classifiers in the last layer.
In our study, we found that Meta.MV model which combines three meta classifiers is the top performer. Specifically, it provides better and more stable prediction performance compared to the single classifiers such as SVM, NN and ENLR, or even state-of-the-art machine learning algorithms RF and XGBoost. This is a significant conclusion since RF and XGBoost have already been widely deployed in the areas of AI or data science competitions and proven to be the best. Furthermore, the results illustrate that the prediction performance of models improves as the layer rises due to the increased information content of model fusion. Hence, we suggest that novel studies in the domain of stock price or stock price index direction prediction should consider the framework of Stacking method.
A future research topic may be to investigate and affiliate a wide range of machine learning models which are not overlapped to improve prediction accuracy. Besides, some macroeconomic features should be considered in our framework since multi-period returns are not the only source of information which may also be hidden in macroeconomic variables.
